The Case of Chinese Provinces
INTRODUCTION
Measurement of technical change (TC) and total factor productivity (TFP) growth has been the subject of investigations in many empirical studies on industrial productivity (for example, Jorgenson, 1995) . These studies have followed several well-known directions. The various approaches used in the literature have been classified by Diewert (1981) into: parametric estimation of production and cost functions, non-parametric indices, exact index numbers, and non-parametric methods using linear programming. In the nonparametric approach, the Divisia index has been widely used as a convenient measure of TFP growth over time and space as well. An important feature of the Divisia measure of TFP growth is that it coincides with the technical change when the underlying technology is homogeneous of degree one. However, empirical studies on production functions based on panel data do not support constant returns to scale technology (see Atkinson and Cornwell, 1994a, 1994b; and Biorn and Klette, 1996) . If this property does not hold TFP growth becomes a mixture of technical change and scale effects. In the case of nonconstant returns to scale technology, decomposition of TFP growth into its sources requires knowledge of scale effects, which require econometric estimation of parametric functions.
In the parametric specification of technology using production/cost/profit functions, a widely used practice has been to use quadratic function of time trend to represent technical change. Notwithstanding its widespread use, the use of time trend is a mere reflection of our ignorance. Baltagi and Griffin (1988) has shown that if a panel data set is available, we could estimate a time specific parameter referring to the state of technology (general index of technical change) instead of using time trend. The method applied to analysis of manufacturing industry performance has shown evidence of erratic patterns of technical change which limits its usefulness in capturing technical change (see Kumbhakar and Heshmati, 1996; and Kumbhakar, Nakamura and Heshmati, 2000) . Different generalizations of time trend (TT) and general index (GI) models of technical change have been developed and their performance and sensitivity using different datasets evaluated (see Heshmati and Nafar, 1998; Kumbhakar, Heshmati and Hjalmarsson, 1999; Kumbhakar, 2000; and Oh, Heshmati and Loof, 2009 ).
Econometric approach where technical change has been represented by a simple time trend or time dummies still dominates the empirical research. The popularity of time trend model comes from the fact that it is good in revealing long-run trends in technical change while general index model is good in capturing year to year variations (which may be caused by economy wide, sector-specific or firm-specific product or process innovations and demand or supply shocks). Despite of this popularity, the time trend model has been criticized because it reflects only our ignorance about the process. The general index overcomes the trend limitation by not imposing any systematic structure on the behavior of technical change, but it is by no means any better in explaining technical change. In both approaches TC is modeled entirely in terms of time and they fail to account for determinants of technological change and productivity growth. If two firms have the same inputs then their TC will also be the same. In the general index model determinants of TC are not directly used in the model. These are used in a second stage regression, therefore fails to take into account their direct or interactive effects with the traditional inputs.
In an attempt to remedy the above limitations, this paper is concerned with specification and estimation of technical change by utilizing observable determinants of technical change (TC). Here we argue that TC, given the inputs (X), is likely to be governed by some exogenous variables (Z) which are producer-specific. Time trend (time dummies) might be a component in it to reveal the long-run trends (year to year variations) in technical change. We generalize the concept and define an aggregator function, T(Z,t), and argue that this function becomes an argument in the production function. That is, with this technology index we can write the production function as Y=f(X, T(Z,t)) and calculate technical change treating T(Z,t) as a covariate in the production function. From this formulation we can separate out the impact of Z variables and time in TC. That is, TC defined in this way can be broken down to time-specific and Z-specific components. If Z variables are producer-specific, TC will be different for different producers even if the inputs (X) are exactly the same. If there is no Z variable in the model then our TC will be identical to TC in the TT model. If we put time dummies in the T(.) function and there are no Z variables, then our TC will be the same as Baltagi and Griffin's GI model of TC. Our present model allows estimation of TFP growth and its decomposition into technical change and scale components, as well as marginal effects of the technology indices and their underlying components.
In modeling TC our focus is on various key external economic factors contributing to shift in production. These factors (Z), in our empirical model, are related to human capital, information and communication technology, foreign direct investment and reform programs. These shift variables in addition to yielding producer-specific technical change and factor bias (both in inputs and scale) in the overall TC measures, help us to estimate the contribution of the Z and t variables separately into TC and TFP growth. By using a flexible functional form and conducting sensitivity analysis we examine robustness of the estimates of TFP growth and its components.
Instead of using one aggregator function to define a single technology index T(Z,t), one can think of several aggregator functions T j (Z j ) which are indices of technology. These indices which are functions of elements of Z are used to define technology indices. Time variable can be one index of its own, T(t). With these technology indices, the production function can be written as Y=f(X, T j (Z j ), T(t)). The advantage of the multiple index technology is that it is more flexible in separating the effects of different technology shifters and important instrument in design and implementation of industrial technology policy. Note that the present formulation is more general and the previous formulation with a single technology index becomes a special case.
For the empirical analysis we use input and output data and production and technology characteristics for Chinese provinces observed for the period 1993 to 2003. The analysis is expected to improve our understanding of the causes and patterns of growth rate of provincial technical change and TFP growth in China. It enhances our knowledge on the causes and patterns of recent years of heterogeneous regional development in China. Information on differences in regional productivity growth is important for the government to formulate better policies of allocation and redistribution of productive resources to reduce the growing regional inequality in the country.
The present paper contributes to the literature in a number of ways. First, it tries to explain technical change based on actual observable exogenous external indicators or technology shifters that are not separable from the traditional inputs. These exogenous technology shifters are further aggregated into several technology groups. Second, we use panel data methodology and flexible functional form in which we control for province-specific effects that are not necessarily associated with technological change. Third, the growth rate is decomposed into time driven and technology shifter driven yet producer-specific components. Fourth, the model is applied to estimation of productivity growth in 30 Chinese provinces during the country's rapidly growth period of 1993 to 2003. Fifth, unlike other previous growth studies of China, which mainly apply the growth accounting approach (e.g. Chow, 1993; Borensztein and Ostry, 1996; World Bank, 1996; Hu and Khan, 1997; Maddison, 1998; Woo, 1998; Ezaki and Sun, 1999; Demurger, 2000; Wang and Yao, 2003; and Arayama and Miyoshi, 2004) , this paper applies the panel data approach for estimation of the production function. The growth accounting approach which focuses on limited number of inputs, imposes strong assumption of constant returns to scale and uses fixed income shares over long period of time, tends to overestimate productivity growth. Sixth, we identify a number of key policy relevant technology shifters and their effects on TFP growth of provinces.
The rest of the paper is organized as follows. Section 2 reviews the earlier literature on Chinese provincial growth studies. Description of the Chinese provinces and the data are given in Section 3. The factors explaining TC and technological biases are described in Section 4. Specification tests and estimation issues are discussed in Section 5. Empirical results are discussed in Section 6. The concluding section summarizes the results of this study.
CHINESE PROVINCIAL GROWTH STUDIES
China's achievement of high economic growth since the adoption of the open-door policy in 1978 has been a source of admiration and a model for development policy. The average annual growth rate of real GDP over the past twenty-five years was 9.37% (Holz, 2005) . This remarkable economic growth has led to a heated debate on whether the economic growth is a result of productivity growth or factor accumulation. Several studies have found that the country's high growth rate was brought about mainly by capital accumulation (e.g. Chow, 1993; Yusuf, 1994; Borensztein and Ostry, 1996; Hu and Khan, 1997; Sachs and Woo, 1997; Woo, 1998; Ezaki and Sun, 1999; Wu, 2004; and Arayama and Miyoshi, 2004) . According to Krugman (1994) , the massive accumulation of inputs will soon limit China's growth potential if there is little improvement in productivity. Indeed, the state's and province's stress of promoting productivity growth in the 90s led to dramatic increases in volume of research and development expenditure at different levels over the past decade. The Chinese productivity growth rate has almost sustained even under the 1997 Asian and current global financial crisis.
Other than the above mentioned analysis of sources of growth of TFP, a number of productivity studies on China's economy examined productivity differences by types of ownership (e.g. Jefferson, 1990; Dollar, 1992; Jefferson and Xu, 1994; Chen et al., 1998; Xu and Wang, 1999; Hu, 2001; and Zheng et al., 2003) . A number of other categories of productivity research include the examination of sectoral productivity growth differences (e.g. Lin, 1992; Jefferson, Rawski and Zheng, 1992, 1996; Wu, 1995 Wu, , 2000 Xu, 1999; and Zheng and Zheng, 2001 ) and the investigation of productivity difference among regions in China (e.g. Lee, 2000; Song et al., 2000; Cai et al., 2001; Demurger, 2001; Bao et al., 2002; and Demurger et al., 2002) . A few of the datasets used in the above studies are at the firm level, while majority of them are at the aggregate national, sectoral, regional or provincial levels. Recently Maddison and Wu (2008) suggested that the official Chinese National Bureau of Statistics exaggerated GDP growth and adjustment to conform to international norms. They present and discuss the necessary adjustments by contributions along new volume indices for the industrial sector and for services. These authors use a measure of purchasing power parity instead of the exchange rate.
The methodology used in the analysis of productivity in China is diverse. These include both non-parametric and parametric approaches. The non-parametric can be divided into growth accounting and Malmquist productivity indices. A handful of studies have applied the growth accounting approach (e.g. Chow, 1993; Borensztein and Ostry, 1996; World Bank, 1996; Hu and Khan, 1997; Maddison, 1998; Woo, 1998; Ezaki and Sun, 1999; Demureger, 2000; Wang and Yao, 2003; and, Arayama and Miyoshi, 2004) . The growth accounting approach involves the subtracting of the growth of factor accumulation at a constant rate from the output growth to obtain the TFP measure. In this case with constant returns to scale, TFP is equivalent to technical change. Some of the studies above used Cobb-Douglas average production function (such as Chow, 1993; Ezaki and Sun, 1999; and Wang and Yao, 2003) , while others (like Hu and Khan, 1997; and Arayama and Miyoshi, 2004) applied the translog production function. These studies focus on the estimation of factor input shares to be used in the computation of the aggregate productivity growth over time. All of these studies have found positive TFP growth in post-reform China. Chen (2001) and Zheng and Hu (2004) applied the Malmquist indexes of TFP growth. The Malmquist index measures the TFP change between two data points by calculating the ratio of the distances of each data point relative to a common technology. The TFP growth can be decomposed into two components, namely efficiency change and technological change. Chen (2001) found positive average TFP growth and technology improvement was found to be a larger component for TFP growth. Zheng and Hu (2004) found considerable average productivity growth, which was accomplished through technical progress instead of efficiency improvement. The parametric approach involves both average and frontier functions. There are few studies which used the frontier production approach to measure TFP growth in China. Wu (1999) applied the stochastic frontier approach on Chinese provinces to examine the productivity growth in China's reforming economy. Wu found positive TFP growth during the post-reform period.
A symposium published by European Journal of Comparative Economics, edited by Dougherty and Valli (2009) , offers in-depth discussion of growth pattern of China and India and their influence in the world market. The essays examine economic and human development indicators (Basu, 2009) ; complexities of economic transformation (Valli and Saccone, 2009) ; trade integration and changing specialization (Benisdoun, Lemoine and Unal, 2009) ; and their macroeconomic policies and exchange rate regimes (Patnaik and Shah, 2009 ).
Basu's examination aimed at finding evidence of the welfare and equity shifts in the two economies' growth performance. The Chinese economic development index grew three times faster over the reform period while India's human development did grow more rapidly and less regionally polarized. Kash, Auger and Li (2004) suggest that historical and cultural differences appear to explain some of the differences in the development patterns of firms located in the two countries. In a related study Hsieh and Klenow (2007) suggest that resource misallocation can lower aggregate total factor productivity in manufacturing. A hypothetical reallocation of labor and capital to equalize USA marginal products would lead to gains in manufacturing TFP by 25-40% in China and 50-60% in India. Valli and Saccone (2009) analyzed the feedback loops from increasing scale, profits, investment, and facilitating various types of productivity-enhancing shifts. The shifts seem to continue as the economies become increasingly integrated with the global economy. Benisdoun, Lemoine and Unal (2009) and Lemoine and Unal (2004) indicate that China has become a major hub for segmented global production process. Chen and Feng (2000) analyze tariff structure, openness and trade policy in China and find employment, profitability, concentration, WTO and other factors among the main determinants of endogenous trade policy. China's industrial policy regime has played an important role in the country's economic development and participation in the world economy.
In a similar study Lu (2000) examined the effect of industrial policy regime on crossindustry resource allocation. The results showed effectiveness of industrial policy in offering incentives and controlling openness to be in line with the planned priority. Lu also examined the growth of technological capability and Mu and Lee (2005) technological learning and catching-up in telecommunication industry in China. They found that the important factors in the catch-up are the conditions for catch-up, strategy of "trading market for technology", knowledge diffusion, and industrial promotion by the government. Patnaik and Shah (2009) suggested that the exchange rate policies of China may have contributed to partially shelter it from the world financial crisis. The fall of exports will induce the government to focus more on the development of its internal market, building up development infrastructure and investment in welfare policy programs.
The existing literature on technology sources at the Chinas provincial level is poor and it does not provide sufficient understanding of the sources of technology changes. Few studies attempt to investigate technology in general or specific to sectors of the economy. Yang (2009) looked into whether China's high economic growth is due to productivity growth after the mid-1990s when China devoted more efforts to R&D and innovative activities. Yang evaluated regional productivity growth in China and analyzed the impacts of certain sources on the technology ladder. The results showed differences in productivity growth between the coastal and non-coastal regions and technological progress among the former relies heavily on foreign knowledge. In-house R&D, FDI and technology import positively affected productivity. Liu (2002) also found that FDI has a large spillover effect on the level and growth in manufacturing and in particular on domestic firms in China. Chen and Song (2008) utilized county level data to examine technical efficiency and technology gap in China's agriculture. They classified the counties into four regions. The result suggests that technology and knowledge diffusion within region might help to improve production efficiency. In another study Meng and Li (2002) showed evidence of ICT industry development and diffusion but also huge gap between China and developed nations in this regards as well as digital divide among different economic regions. Gao (2004) examined regional industrial development in China with emphasis on factors representing sources of regional growth. Gao found that local competition, small size of state sector, better transport system, and exports and FDI positively effect on regional industrial growth.
In this study, in addition to the methodological contribution concerning the modeling exogenous determinants of technological change, we contribute to the existing research which focuses on the investigation of sources of economic growth in China. In particular, in addition to traditional inputs, we incorporate several indicators of technology. One such indicator is ICT investment as an infrastructure for economic development in China in the age of New Economy. Other indicators are human capital and its role in acquisition and absorption of new technology, skills and management. Although China has a rapidly growing ICT sector over the past decade, possibly because of data limitations, there is a lack of empirical research that examines contributions of ICT investment, FDI inflows, human capital and importance of reform to the Chinese economic growth. Meng and Li (2002) is one of few studies which provided some evidence on China's ICT industrial development and diffusion in recent years. Heshmati and Yang (2005) also investigated the relationship between TFP growth and ICT investment but at the aggregate national level, and unlike in the case of developing countries, they provided estimation of positive returns to ICT investment in China. Our data allow us to consider productivity growth measures at the national, regional and provincial levels. Thus, we are able to have a more thorough understanding of the provincial and regional diversity of growth patterns in China.
We apply the panel data econometric approach for estimation of the production function, instead of using the growth accounting, Malmquist or frontier production function approaches. The growth accounting approach which focuses on limited number of inputs and uses constant returns to scale assumption and fixed income share over long period of time tends to produce biased and overestimated measure of growth. The Malmquist approach overcomes some of these limitations and allows decomposition of productivity growth but account only for few key production inputs. This study by applying the panel data models for parametric estimation of the technical change, allow to controls for unobservable time invariant provincial effects. In addition technological change is modeled via exogenous factors and the production function specification is enriched by the introduction of non-traditional production factor inputs. These include factors such as ICT investment, inflow of FDI, human capital and economic reform measures which by experts are considered crucial for growth and development in general and to the Chinese economy in particular which has benefited from these factors in its emergence and catch up.
THE PROVINCE LEVEL DATA
In this paper, we use a combination of officially published and non-published provincial data of China, which provide information on the contributing factors to the development of the technical change and TFP growth in China during the recent years of rapid economic growth.
The data for estimation of the translog production function and technological index comprises the following output, input and technology indicator variables for 30 provinces during the period 1993 to 2003. Output is measured as aggregate gross domestic product (GDP) (in 100 million Yuan). The input variables include labor measured by the number of persons employed at year-end (in thousands) and capital stock (CAP) (in 100 million Yuan). The technology index is modeled using information and communication technology (ICT) investment (in 100 million Yuan), foreign direct investment (FDI) inflow (in 10,000 US$), percentage of highly educated labor (PCNT) (the ratio of number of graduates of regular institutions of higher education to population), and reform (REFORM) (the ratio of state-owned enterprises industrial value to total gross industrial value). These capture financial, technological, human capital and reform components of technology development, transfer and absorption by provinces in different years.
In specifying the technology index we tried a number of other indicators, but the model specification was highly nonlinear and difficult to further generalize. Other variables considered are road infrastructure (ROAD) (total length of highways in km), government consumption (GOV) (in 100 million Yuan), total domestic investment (INV) (in 100 million Yuan), household telephone subscribers (TEL) (in number of subscribers), and openness a proxy for globalization (OPEN) (the ratio of import plus export to GDP). In addition we use dummy variables to control for unobserved time-invariant province specific effects such as skills, planning and management differences, and location advantages/disadvantages of the provinces. A simple time trend (TRN) is added to the specification of the production function to capture possible trend in the use of inputs and output produced. It captures the unobserved exogenous components of technical change and productivity growth as well as province-specific effects such as central or local government economic policy effects.
All the input variables which are originally expressed in nominal prices are deflated using GDP deflator which varies across provinces and time. The nominal and real GDP indexes are derived based on data from various Chinese Statistical Yearbooks and calculated the GDP deflators accordingly. There were smooth increasing trends of the calculated GDP deflators and no abnormalities were found. The physical capital stock data from 1993-2003 is taken from Wu (2004) . The authors extended the series to include 2003 data using the back casting method. It is calculated based on the assumption that the rate of depreciation is 4.0%. The series is expressed in 1952 constant prices.
The data is mainly taken from various issues of Chinese Statistical Yearbooks and the official Chinese government websites. The ICT investment data was supplied by the statistical department of Ministry of Information Industry (MII). The ICT investment includes investments in the production of radios, televisions, fixed telephones, mobile telephones, personal computers and communication equipments. The share of ICT investment to total investment was around 1% during the early 80s, but it has increased to approximately 5% in the late 90s and after 2000.
The total number of observations (NxT) is 30x11=330. Table 1 shows the summary statistics of the deflated variables used in the paper, including average GDP, inputs, as well as other production and technology indicators.
Insert Table 1 Summary statistics about here
MEASUREMENT AND DECOMPOSITION OF PRODUCTIVITY GROWTH
We mentioned different approaches to measure productivity growth. Here we deal with the definition and measurement issues. In economics productivity is defined quite broadly. Here we focus on TFP as an appropriate measure of productivity. Production process can be a single or multi-output operation. In a single output case TFP growth
and a dot over a variable indicates its annual rate of change. If there are multiple outputs the TFP growth is expressed as
, where m R is the output value
, and m P is the price of output m Y (m=1,.....,M). Using the above definitions, the P F T measure can be computed from the observed data without any estimation. The resulting measure is called the Divisia index of TFP growth. It gives us information about output growth that is not explained by the growth of the factor inputs used in production.
The Divisia index is non-parametric and as such it does not provide information on the factors affecting productivity growth. The main advantage of the parametric or econometric approach is that we can both estimate and decompose TFP growth. The econometric approach is based on primal (production) or dual (cost) or profit functions. The choice of the cost function has some advantages over the production as well as the profit function in productivity growth analysis. First, unlike a single equation, a cost function can handle multiple outputs quite easily and can be estimated econometrically. Second, a cost function can be estimated without imposing any restriction on the implied returns to scale. This is not possible in a profit function for which returns to scale has to be less than unity. Third, in a service industry outputs may be demand determined where the producer's object is to minimize cost for given output. Finally, in a cost function approach it is not necessary to assume that output markets are competitive. The cost function parameters can be consistently estimated even if output markets are non-competitive. In this study we employ a production function approach. The main advantages with production function are that it does not require information on prices and it allows for nonconstant returns to scale. It has several desirable properties such as: positive marginal product of inputs, non-emptiness of output, symmetry, monotonicity and convexity. In addition, the production function is assumed to be continuous at any point and twicecontinuously differentiable. The translog production function with a time trend representing exogenous technical change can be written as: The specification of technical change in (1) is represented by a simple time trend. Econometrically the production function in (1) can be extended to incorporate various 'technology shifters' that are functions of exogenous factors, viz.: T Z as:
where P m is the number of technology shifters in technology index T m (.). In this paper we use two technology indices, each based on two technology shifters. The first technology index 1 ( (.)) T is constructed from human capital and development infrastructure and it is based on percentage of labor with university education (PCN) and reform program (REFORM). The second index 2 ( (.)) T is constructed around financial market and is based on investment in information and communication technology (ICT) and inflow of foreign direct investment (FDI).
2 In defining each of the indices we restrict sum of the weights to be unity (identifying restrictions) so that we can interpret the weights as 'importance' of each shifter on the technology component. There are other ways of imposing identifying constraints on the m p γ parameters but none of them will have the easy and intuitive interpretation similar to the one we used.
The production model is estimated using fixed effect panel data approach with the specification of a translog functional form, by which the technology is represented in two ways by: (i) a time trend and (ii) a simple time trend and technology indices. We call the former the single Time Trend (TT) model whereas the latter is called the technology index (TI) model. The two models are nested and the former is a restricted version of the later.
Based on equations (2) and (3), the input elasticities (E) and the technical change (TC) can be calculated as follows for each of the two models:
In similar way the elasticity for each technology index, here ( )
T Z , is also calculated from
Note that purely exogenous technical change (TC TI ) in (5b) can further be decomposed into the pure ) ( components. Pure technical change refers to neutral shift of the production function due to time alone, non-neutral technical change means input biased technical change, and technology index components is a results of effect of known exogenous technology shifters. Technical change is biased if the marginal rate of substitution between any two inputs measured along a ray through the origin is affected by technical change. It implies that technical change will tend to influence the relative contribution of each input to the production process.
Returns to scale (RTS) is obtained by summing all of the input elasticities calculated in equation:
where jit E is the elasticity of output for province i with respect to input j at period t. It measures the percentage change of output in response to a 1% increase in all inputs simultaneously. Technology is said to be exhibiting increasing, constant or decreasing returns to scale, respectively, if RTS greater than, equal to or less than 1. All input elasticities, returns to scale and technical change are computed at every data point. By using equations (4) to (8), the parametric TFP growth based on the translog production function for both TT and TI models can be obtained as follow: where TZ and TC TI together measure the overall technical change. The TC TI part is due to time alone (purely external non-economic factor) whereas the TZ part is due to other external economic factors. In our application TZ is a weighted average of the two technology index components, where the weights are the marginal effects of the index components. The overall TZ index is the sum of the product of the technology elasticity and growth rate of technology index, viz.,
Under constant returns to scale (CRS) and competitive output markets, TFP growth and technical change are identical (Solow 1957 ). In such a case it is not necessary to estimate anything econometrically, but computing Divisia index directly from the data. However, if the objective of producers is to minimize cost (given outputs) or maximize output (for given inputs), and the constant returns to scale and perfectly competitive output (input) market assumptions are relaxed, then it is possible to establish a relationship between the Divisia index and the TFP growth components (Denny et al. 1981) . The TFP growth in (8a) and (8b) can be obtained from a parametric cost function or production function. The first component of TFP growth is TC and the second component is the Scale component, which is zero if RTS is unity. The last component is zero if either the marginal effect of every technology shifter is zero (i.e., they are not shifting the technology) or these shift variables are time-invariant. Note that in defining TFP change we are not taking into account the cost of these technology shift variables (assumed to be costless to change them).
It should be noted that, even with a CRS technology, other factors that can explain productivity growth may exist. If these factors are observed, we can separate the contribution of factors that are under the control of the producers (external economic factors) and those that are exogenous to the firm (purely external non-economic factors) by estimating the underlying production technology econometrically. The external factors which define the environment where the producers operate, could affect profitability, survival and productivity growth of firms. These factors are usually taken into account in the endogenous growth literature. Morrison (1986) and Morrison and Siegel (1999) include these factors in the productivity growth analysis. They point out that such external factors affect the cost-output relationship of the firm and can be explicitly included into the model as non-neutral shift variables. See also Winston (1993) and Vickers (1995) . Here we use them as technology shifter and in the context of technological change.
SPECIFICATION TESTS AND ESTIMATION
As mentioned in the data section, we specify and estimate a translog production function for Chinese 30 provinces observed for the period 1993-2993. Output is measured as aggregate gross domestic product (GDP). The vector of inputs includes labor measured as the number of employees (LAB) and capital stock (CAP). The technology index is modeled using information and communication technology (ICT) investment, foreign direct investment (FDI) inflow, percentage of highly educated labor (PCNT), and a reform (REFORM) variable. These capture financial, technological, human capital and reform components of production technology by provinces. Several other production technology indicators (e.g. roads, government consumption, total investment, phone lines and openness) were also tried but removed from the specification due high degree of nonlinearity and convergence problems. A simple time trend (TRN) is also added to the specification to capture possible trend in the use of inputs and output. It captures the unobserved exogenous components of technical change as well as central or local economic policy effects facing all provinces equally. In addition we use dummy variables to control for unobserved effects such as skills, planning and management differences, and location advantages/disadvantages at the provinces.
We investigate the issues of multicollinearity and confounded effects (see Table 2 ). The explanatory variables labor (0.646) and capital (0.714) are positively and highly correlated with GDP. There is also a positive association between GDP and trend (0.398). The labor and capital are weakly correlated (0.232). Labor is not correlated with time trend, but capital is (0.294). The correlation coefficient among the variables shows that there is no serious multicollinearity problem. FDI, ICT and REFORM variables are correlated with each other (0.326-0.672), but PCNT is not correlated (0.115-0.300) with any of the other three technology indicator variables.
Insert (2) and (3) are estimated using non-linear procedure PROC MODEL in SAS 9.2. Using the parameter estimates various measures (4) through (9) such as predicted indices, marginal effects of indices and individual index indicators, rate of technical change, input elasticities, returns to scale, TFP and its decomposition into technical change, scale and technology index components, and their respective share are computed. Each of these components is discussed in more details in the next section.
EMPIRICAL RESULTS

Parameter estimates
The estimation results for both of the time trend (1) and technology index (2) and (3) models are reported in Table 3 . In the time trend model all slope parameters with the exception of capital and its interaction with trend and labor squared are statistically significant. A total of 22 of the 29 province dummies are statistically different from the Ancui province which serve as reference. The highest intercepts are associated with Cenan and Gansu, while the lowest to Shanghai and Tibet. The results suggest significant heterogeneity among the provinces in China. The fit of the model is very good.
Insert Table 3 Parameter estimates about here
In the case of technology index model, 4 parameters are not significant at the 10 percent level of significance. These are: capital, index2, labor squared and index1 interacted with trend. Only 16 of the 29 province intercepts are significant at the less than 10 level of significance. The degree of heterogeneity is somewhat lower in this model compared with the time trend model. In terms of ranking the provinces by the level of intercept same inference as in case of time trend model can be made. The parameters of the two technology indices are of expected sign and all their interactions with two exceptions are statistically significant.
Elasticities and returns to scale
The input elasticities are estimated from the derivatives of the production functions with respect to labor and capital inputs (4a and 4b). In the case of simple time trend model, the first order capital coefficient and the interaction with labor are negative causing the overall labor elasticity to be negative. The negative interactive term suggest that the two inputs are substitutes. The sample mean elasticities of labor and capital are 0.545 and -0.230, respectively. The returns to scale computed from equation (7) shows decreasing returns to scale ( 0.315).
Insert Table 4 Correlation matrix about here
The first order and second order capital coefficients in the technology index model are positive but the interaction with labor negative. Unlike in the time trend model where the regularity condition in case of capital was violated, the overall elasticities are positive. The two inputs interactions with the two technology indices are opposite. The two input elasticities are negatively correlated (-0.279) with each other. The input elasticities patterns again suggest that the two inputs are strongly substitutes. The sample mean elasticities of labor and capital are 0.267 and 0.289, respectively. The returns to scale computed from equation (7) is 0.553 suggesting decreasing returns to scale and is agreement with the time trend model. The input elasticities and returns to scale across provinces, regions and over time are reported in Table 5 .
Insert Table 5 Input elasticities and RTS about here
In both models the inputs elasticities and returns to scale measures, computed at each point, show large dispersions and in some cases show increasing returns to scale as well. In examining the differences across provinces, we observe that the mean labor elasticity is negative for Beijing, Jiangsu, Shandong, Shanghai and Lianing. It is highest for Tibet and Qincai. The capital elasticity is negative for Guangxi, Guizcou and Sichccon and highest for Beijing and Shanghai. The return to scale is increasing only in the case of Ningxi, Scaanxi and Tibet. In several provinces RTS is extremely low, below 0.20. The mean input elasticities and returns to scale are almost constant over time. However, they differ by regional location. The highest labor elasticity is attributed to West, the highest capital elasticity to East, while the highest combined effect in form of returns to scale to West.
Technology index and technical change
Technical change in the time trend production function model is computed using (5a). The first and second order coefficients are significant suggesting increasing growth but at a decreasing rate. The interactions with labor and capital suggest labor-using technical change in Chinese provinces. The non-neutral component provides information about possible input using/saving biased technical change. The sample average of technical change in the time trend model is 13.7% and ranges from 4.2% to 22.3%. It is the main contributor to TFP growth.
index model is computed using the formula (5b). Table 6 reports the correlation matrix of TC and TFP (0.172) components.
Insert Table 6 on Correlation matrix of TC and TFP about here Table 7 shows that purely exogenous (driven by time) technical change is 3.5% and it ranges from -9.0% to 15.4%. It is positively related with TFP growth, but negatively with the scale effect component. The provinces differ by their size and productivity growth rates. In reporting the results by certain common characteristics one should use weighted averages. The weighted average rate of technical change, using provinces share of national GDP, is computed and the weighted mean values for different provinces, regions and years are reported on Table 7 .
Insert Table 7 Mean values of TC and TFP components about here
The purely exogenous technical change varies greatly among the provinces. The highest mean rate is for Guangxi (4.7%) and Cunan (4.4%), while Shangahi (-2.45) and seven other provinces show a negative rate of technical change. Looking at the regional level, the Central region shows the highest rate followed by West and East regions. Since the purely exogenous technical change is represented by a time trend, the mean rate is steadily declining over time from +12.7% to -4.8%.
The technical change due to external economic factors is composed of two technology indices, index1 and index2. The first one is human capital and economic reform as infrastructures for purchase, attraction of and acquisition of technology, and technology transfer and learning capability of provinces. The second index is based on information technology and foreign direct investment. The parameter estimates show that the first index is weakly significant, but the second one is highly significant. Their interactive coefficient is negative suggesting a substitution relationship. However, their predicted values are positively, but marginal effects are negatively correlated (see Table 4 ).
These two indices are used to compute an aggregate measure of technological change based on external economic factors using the expression in (9). The mean predicted indices are positive for each province, region and year. Unlike the mean marginal effect for index1 which is positive in all dimensions, the mean marginal index2 is negative at all levels (see Table 7 ). It suggests that contribution from additional units of ICT and FDI to technical change is negative, but those of human capital and reform are positive.
TFP growth and its decomposition
The total factor productivity growth for the time trend production model (1) is computed using the formula in (8a). It is then decomposed into technical change and scale components. The technical change component is further decomposed into neutral and nonneutral components. The sample average TFP growth rate is 12.6%. Contribution of technical change is positive (13.7), while scale component has a negative (-1.15) contribution to the TFP growth. The TFP growth is computed at each point of the data. It ranged from 4.3% to 35.55%.
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The TFP growth based on the technology index model is computed using the formula (8b). It is then decomposed into its three main components, namely, the technical change component which is dominated by the time trend effect, the scale component and the technology index component. Each component is further decomposed into several subcomponents such as contributions from different technology shifters (indices).
The TFP growth obtained from the technology index model is much lower than the simple time trend production model. The weighted sample average TFP is 7.6%. The contribution of scale, technical change and aggregate index components are 0.7% (6.6), 3.4% (23.3) and 3.5% (77.3), respectively (see Table 6 ). The number in parenthesis is their shares (after removing a few extreme observations). Each component varies substantially. The dispersion in the technology index component is the largest with standard deviation of 12.7% and ranged from -41.9 to +48.3%. The correlation between TFP growth and its underlying components show that each component is positively correlated with TFP, but the technical change is negatively correlated with scale and technology index components (see Table 6 ). Note that the contribution from the scale component is negligible.
The difference in the economic size of the provinces and its heterogeneous changes over time implies TFP to be weighted. The weighted average TFP growth varied substantially across provinces. The highest growth rates are observed for Cobei, Guangdon, Fujian and Guangxi, while Qingcai, Ningxia, Beijing and Jiangxi show lowest growth rates. The source of growth differed across provinces, primarily due to the technology index component. The regional difference in TFP growth is small, but the Eastern region had the highest rate and Western region had the lowest. The development of TFP growth over time is quite pronounced. The growth rate reached its highest rate in 1994 (16.1%), dropped to -0.9% in 2001, and then increased to 15.1% in 2003 (see Table 7 ). The main contributor to the large variations is technical change in the first part of the study period, while the technology index impacted most in the latter part. Again the scale effect is negligible.
Provincial and regional heterogeneity
The sustainable economic growth of China in recent decades combined with its enormous population, labor force, production and trade capacity and market size has turned the country into a major player in the global economy and a force not to be ignored. During the recent global recession China has emerged as one of few major economies registering continuous high growth rates. Despite its ongoing fragile structural reform program China is seen as a major force that can help to bring the world economy out of the current deep recession. China's active reform and state intervention-led growth model can be of use even to major transition and developing market economies. The gradual removal of different interventions has affected the flow of resources to increasingly productive areas and growing competition and leading role of state which has enabled the growth rate to accelerate. The gradualist approach and currency and capital account control seemed sensible and effectively sheltered China from the 1997 financial crisis and full effect of 2008 crisis. However, despite significant progress both India and China --the two growing economic giants --are criticized for being weak in the state's pro-poor actions to favor the poorest part of their populations in redistribution of achieved economic growth. Table 8 provides information about development of key indicators of the Chinese economy during the reform period from 1970 till 2008. These include GDP, population, different industries share of output, patents, government expenditure, FDI, investment, trade, trade balance and exchange rate. The total GDP in current prices during 1970-2008 is increased by more than 133 times, while population is increased by 60 percent. The corresponding growth in employment is 125%. The GDP per capita in current prices is increased by 82 times. The increased GDP is also a result of shifts from concentration in primary industry production to secondary and tertiary. The share of primary industry declined from 35.2% to 11.3, while the share of tertiary industry increased from 24.3 to 40.9%. The number of patents applications and registration also has increased dramatically indicating increased investment in R&D and gained technology development and capability in processing production. The government expenditure in current prices is increased by 72 times.
Insert Table 8 Development of the Chinese economy, China has been successful in attracting FDI. The inflow of FDI increased by more than 95 times during 1983 to 2008 and investment in fixed assets in current prices is increased by 190 times. The high investment rate and accumulation of capital stock has created a strong and capable production base. Exports have increased much more than import leading to large positive trade balance in particular from 1995. The exchange rate was fixed until 1980, but it depreciated continuously from 150RMB in 1971 to 828 in 2004 and then appreciated to 695RMB per 100 US$ in 2008. The state controlled exchange rate has been a source of international competitiveness and rapidly expanded Chinas export. It also has been a source of criticism from Western countries concerning the trade balance and the prospect for a possible deterioration of global economic recovery.
Coming down from the aggregate level to the province and region level, one gets a very different picture. There are significance differences in all the indicators across regions and provinces. The Eastern region is the driving force behind the rapid economic development and high economic growth in China, while the Western region is the laggard. Regional income inequality and higher concentration of poverty are evidence of the increased gap. Massive investment in public infrastructure and inter-provincial equalizing investment plans has reduced the regional disparity but it has not been very successful in bridging the gap and enhancing growth and development among the regions to desirable levels.
SUMMARY AND CONCLUSIONS
This paper was concerned with specification and estimation of technical change by utilizing observable internal and external determinants of technological change. We estimate total factor productivity growth and its decomposition into technical change, scale economies and technology index components. Marginal effects of technology indicators on productivity growth are also estimated. In modeling technical change our focus is on various key factors associated with it. These technology shifters are investment in human capital and information and communication technology, flow of foreign direct investment and state initiated reform programs.
For the empirical analysis we used a balanced panel data on output and inputs and production and technology characteristics for Chinese provinces observed for the period 1993 to 2003. The analysis is expected to improve our understanding of the causes and patterns of provincial technical change and TFP growth in China. It enhances our knowledge on the recent years of unbalanced regional development in China. Information on differences in regional productivity growth is important for the central and regional governments to formulate coordinated policies of allocation and redistribution of productive resources to reduce the growing within and between regional inequalities.
We believe that this study contributed to the literature in a number of ways. First, it specified the technical change in terms of purely exogenous factor (time trend) and exogenous economic technology shifter factors. Second, we use panel data methodology and flexible functional form in which we control for effects not necessarily associated with technological change. Third, the model is applied to estimation of productivity growth in Chinese provinces during the country's rapid and continuous growth period. Fourth, unlike other previous growth studies of China which mainly used growth accounting approach, this study applies the panel data econometrics approach for estimation of the production function and thereby able to control for unobservable province effects.
The estimation results showed that the technology index model is the preferred specification in modeling production technology. The fit of the models is very good. The parameters of the two technology indices were of expected sign. Various input elasticities and growth measures are estimated. The return to scale is low, suggesting decreasing returns to scale. The capital and labor elasticities are negatively correlated, indicating that the two inputs are substitutes. The inputs elasticities and returns to scale measures have large dispersion across provinces and regions but are almost constant over time.
The time driven part of technical change varied significantly across the provinces and regions and its impacts on TFP steadily declined over time. The technology index based rate is composed of two technology indices. They represent infrastructure and carriers of technological change. The margin contribution from ICT and FDI is negative, but those of human capital and reform positive to rate of technological change. Their interactive coefficient is negative suggesting a substitution relationship.
The total factor productivity growth is decomposed into technical change (which is purely time driven), the scale and the technology index components. Each component is further decomposed into several sub-components such as contribution from different technology shifters. Each component varies greatly and the dispersion in the technology index component is the largest. The correlation between TFP growth and its underlying components show that each component is positively correlated with TFP, but the technical change is negatively correlated with scale and technology index components. The weighted average TFP growth varies across provinces. The sources of growth differ across provinces and are mainly attributed to differences in the technology index component. The regional difference in TFP growth is small, but the development of TFP growth over time is quite large. The main contributor to the large variation is technical change in the early years, while the technology index impacts the latter years. The scale effect is negligible. Glossary of variables: Index1 and Index2: technology indices: Index1 (Pcnt and Reform) and Index2 (ICT and FDI) ME-index1 and ME-Index2: marginal effects with respect to technology Indix1 and Index2. ME-ICT, ME-FDI, ME-Pcnt and ME-Reform: marginal effects with respect to technology indicators ICT, FDI, Pcnt and Reform. ElasLab, ElasCap and RTS: elasticities of labor, capital and returns to scale. Marginal Effects with respect to technology indices: ME-index1 and ME-Index2
Marginal effects with respect to technology indicators: ME-ICT, ME-FDI, ME-Pcnt and ME-Reform Elasticities of Labor, Capital and returns to scale: ElasLab, ElasCap and RTS 
